ABSTRACT
INTRODUCTION
n modern finance, expected return and risk are the key components both in theory and practice. For measuring risk, volatility, the standard deviation of asset return, has been considered the most popular measure. Most of asset pricing models such as CAPM, GARCH, and Black-Scholes formula all incorporate volatility as the risk factor. In empirical asset pricing models, volatility is carefully studied in line with return predictability. For instance, Ang, Hodrick, Xing & Xhang (2006 , 2009 report the structure of stock volatility and its return predictability. They document that high volatility predicts low future return in U.S. and international stock market. The other example among many others is the work by Adrian and Rosenberg (2008) , where they argue that short term volatility and long term volatility play different roles in market risk. Naturally, practitioners in asset management industry deal with volatility as the main measure of the risk in the investment activity.
Although volatility has strong theoretical support, it has a few drawbacks. Most of the arguments are related to the probability density of asset returns. Various researchers shed light on this issue, and develop alternative measures such as time-varying volatility, structural volatility and so on (see Duffie & Jun, 1997) . On the other hand, asset management practitioners focus on symmetric nature of volatility. Volatility or standard deviation of the return equally weighs both on upside and downside deviation from the average. However, in many cases investors care much more on the downside. Obviously, this argument is also associated with the probability structure of the returns. Asset managers have used value-at-risk (VaR) and maximum drawdown (MDD) as their alternative risk measures in the hope that they capture downside risks. At least in Korean asset management industry, a typical investment prospectus and investment report include realized return, volatility, Sharpe Ratio, VaR, and/or MDD.
VaR has long history being studied in the context of financial market. Many researchers apply the method in various financial markets. Giot and Laurent (2003) analyze market risk in commodity, and Kang and Yoon (2007) examine individual stock returns in Korean market. There are many other papers that utilize VaR approach in various securities markets such as the work by Huang and Lin (2004) for equity index futures or the one by Wu and Shieh (2007) for interest rate futures. In case of MDD, most research focuses on the mathematical properties of stochastic processes of asset return (Douady, Shiraev & Yor 2000; Magdon-Ismail, Atiya, Pratap & Abu-Mostafa 2004) or microeconomic utility research (Kim, 2011) . For empirical study, Kim & Lee (2011) recently report the comparative analysis between MDD and Calmar ratio in various equity indices.
The research question is grown out of the practice of Korean asset management. Managers seem to believe that VaR and MDD have additional information to volatility. This article tries to test whether VaR and MDD contain different risk component from volatility in Korean stock market. In order to see this, we compare the performances of portfolios which are constructed based on three risk measures. By grouping stocks based on past risk level, five portfolios are constructed and various statistics of the portfolio performances are investigated. I find that portfolios on VaR and MDD also have the similar risk-return profiles as those on volatility. The return average increases from low risk to mid risk level and decreases from mid to high level. The risks all go up along with the past risk level in three measures. Two-way analyses are also conducted, where portfolios are constructed by both volatility and VaR (and MDD) at the same time. The purpose of this experiment is to study the effect of VaR and MDD after conditioning volatility level. In this analysis, no significant evidence is found that VaR and MDD capture additional risk other than volatility.
This paper proceeds as follows. In methodology section, VaR and MDD are briefly reviewed and the data and empirical methodologies are explained. In the next section, the empirical results are discussed followed by the conclusion.
METHODOLOGIES

VaR and MDD
Under normality assumption on asset return, VaR is defined as in equation (1).
The variable & is the value for significance level under standard normal distribution and ( is the standard deviation for asset return. There have been proposed many alternative measures for VaR because normality of asset returns might not be guaranteed. Asset returns are known as fat-tail and/or skewed distribution. Apart from many parametric alternative VaR approach, this paper chooses historical VaR for the analysis. The reasons are as follows. First, the purpose of the paper is to compare the effects of three risk measures. VaR captures the worst monthly returns whereas volatility represents the average deviation or the return. Therefore, parametric assumptions on the return are indifferent from each other. Second, nice probabilistic assumptions on asset return must lead to the strong mathematical relations to the volatility. In equation (1), we can easily see that volatility explains everything about VaR under normality. Due to these reasons, historical VaR is applied to the study.
MDD is more widely used in asset management especially in stock market. This risk measure is simply computed as the ratio of the maximum drawdown from the previous peak to the next trough. Formally we can calculate MDD as follows. Let asset value be and the maximum asset value -at time t.
Then the drawdown ratio at each time, -is defined.
Finally, maximum drawdown(MDD) can be computed as,
Note that MDD is can be interpreted as maximum cumulative loss. 
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Empirical Method
For empirical study, we employ quintile portfolio analysis. The data is collected from Fn Data Guide, a local financial data vendor. The dataset includes monthly market data of all stocks listed in KRX, the stock exchange in Korea, from 1990 to 2016 (324 months). The data also contain three Fama-French risk factors on market, value and size. The total number of stocks is 1,104. In the empirical studies, stocks are filtered in if stock-return data are all available in the estimation period. Specifically, at the end of each year, we constructed the dataset with stocks that have return data for the past 24 consecutive months, and used the data for the estimation.
In this paper, the effects of risk measures on stock returns are examined in two steps. The first step is the quintile portfolio analysis with respect to volatility, VaR and MDD. In the second step, I construct 3-by-3 portfolios using two-way analysis depending on both volatility and VaR or MDD. In order to ensure that each portfolio contains a similar number of stocks, I first divide the stocks into three groups, in terms of volatility, and then construct three portfolios regarding VaR or MDD within each volatility group. The process is repeated at the end of each year with the estimation period of 24 months. In summary, the first step shows the unconditional effect of three risk measures, whereas the second step investigates the effect of VaR and MDD after conditioning volatility levels. In order to see the risk adjusted performances of each portfolio, Fama-French three factor model (Fama & French, 1993 ) is employed. The average returns are bell shaped in cases of volatility and VaR, which is consistent with previous literature. The results from MDD portfolio do not show any patterns. The ex post risks of the portfolios in all measures increase along with previous risk level. It is interesting to observe that portfolios constructed with respect to one specific risk measure performs very similar to the ones that are constructed based on the other risk measures. Table 3 and table 4 present two-way portfolio analysis. As explained in the previous section, stocks are divided into three groups in terms of volatility. Then, three portfolios based on the other risk measure are constructed within each volatility group, which results in nine portfolios. This analysis is independently conducted with VaR and MDD in the second step. Ex post risk performance are mainly explained by volatility. All the levels of volatility, VaR and MDD are greater when the volatility is higher. On the other hand, in each panel, i.e. with similar level of volatility, ex post risks do not show any consistent behavior. Even VaR, which is used for portfolio construction in the second step, do not predict future VaR.
RESULT
The similar results are shown in table 4 in case of MDD. All three risk measures differ from each other in the direction of volatility levels. However, any significant difference cannot be found within the same group of volatility. 
